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Abstract 
In the present study performance of flat plate solar collector with silver/water nanofluid is simulated using Artificial Neural 
Network (ANN). The solar radiation heat flux was varied between 900W/m2 and 1000W/m2. The Reynolds number is varied 
from 5000 to 25000. The effect of radiation heat flux, mass flow rate, and inlet temperature on the heat transfer coefficient, 
thermal efficiency was analyzed. The ANN results were compared with the experimental results; also by using the ANN the 
thermal efficiency of flat plate solar collector was predicted up to the Reynolds number of 100000. It was observed from this 
study that, the ANN results agree well with the experimental results with the deviation less than ±2%. 
© 2016 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Organizing Committee of ICACC 2016. 
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1. Introduction 
In the era of energy crisis, the renewable energy sources and high efficient systems get more attention. The solar 
radiation is used as a heat source for various applications such as water heating, desalination etc with the help of 
solar collectors. The main problem faced by these collectors was the inferior absorption properties of conventional 
fluids used in these collectors. By the incorporation of new class of fluids known as nanofluids1 which show 
improved properties over the conventional fluids, these type of collectors can gain importance. The nanofluid is 
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prepared by suspending nanometer sized high thermal conductivity solid particles of metals, metal oxides etc. in the 
base fluid2,3,4.  
The researches for heat transfer and efficiency enhancement in solar devices attracts significance nowadays. Alim 
et al.5 theoretically analyzed the effect of nanofluids in entropy generation, heat transfer enhancement capabilities 
and pressure drop of a flat plate solar collector. The nanoparticles Al2O3, CuO, SiO2 and TiO2 dispersed separately in 
water with different volume concentrations are used as the heat absorbing medium for laminar flow regime. The 
results show that the CuO-water nanofluid gives a reduction of 4.34% in entropy generation and a enhancement of 
22.15% in convective heat transfer coefficient compared to base fluid. Mahian et al.6 conducted an analytical study 
on the performance of Al2O3-water nanofluid in a flat plate solar collector. The volume concentration of 
nanoparticles, with four different particle sizes, including 25, 50, 75, and 100nm varied upto 4%. The results show 
that with an increase in the volume fraction of nanofluid, the outlet temperature increases. Parvin et al.7 investigated 
the performance of direct absorption solar collector in terms of heat transfer, efficiency and entropy generation with 
Cu-water nanofluid in forced convection flow regime. The results show that both the mean Nusselt number and 
entropy generation increase as the volume fraction of Cu nanoparticles and Reynolds number increase. 
The simulation of a solar device using an analytical method saves time and cost of experimentation; without 
sacrificing the accuracy. The artificial neural network (ANN) is better, easier and more accurate method to simulate 
the performance parameters to generate the result using the MATLAB software. The back propagation learning 
algorithm in the artificial neural network is widely used for solving various classifications and forecasting problems 
8. Vaferi et al.9 presents the best artificial neural network (ANN) model for convective heat transfer coefficient of 
nanofluids flowing through a circular tube for different flow regimes. Caner et al.10 designed ANN model to 
estimate thermal performances of solar air collectors. 
The above literature reviews show that the nanofluid enhances the absorption properties of fluids and thereby 
increases the efficiency of the solar collectors. It also shows that the artificial neural networking is a better method 
to predict and optimize the performance of any thermal system.  
 In the present paper, the artificial neural network (ANN) is used to simulate the performance parameters of flat 
plate solar collector and the results are compared with the experimental results. Furthermore, the various results 
which couldn’t find out by the experimental setup are predicted. 
2. Experimental analysis 
The experimental investigation carried out in the flat plate solar collector with silver-water nanofluid to study the 
heat transfer performance and efficiency is taken as the reference11 for comparison with the predicted results by the 
artificial neural network. The schematic of the experimental test set up is shown in Fig. 1(a). The main components 
of the experimental test set up are the flat plate solar collector, heat exchanger, coolant tank, liquid pump, flow 
meter etc. A bypass valve is provided in the circuit to avoid the pressure in the pump at lower mass flow rate. The K 
type thermocouples with an uncertainty of ±1oC are provided at various relevant points to measure the temperatures. 
The pressure sensors are provided at the inlet and outlet of the flat plate solar collector to measure the pressure drop 
along the collector. A pyranometer is used along with the collector to measure the incident radiation on it.  
The distilled water and silver-water nanofluids with volume concentration of 0.01%, 0.03%, and 0.04% are used 
as the heat absorbing medium in the collector. The estimated solar radiation heat flux varied from 900W/m2 to 
1000W/m2. The experimentation is conducted for 180 minutes each. The performance parameters selected are outlet 
temperatures, solar radiation heat flux, mass flow rate, Reynolds number.   
The experimental results show that the outlet temperature of the liquid increase with addition of nanoparticles in 
the base fluid. The results also show that the efficiency of the flat plate solar collector increases with increase in the 
mass flow rate or Reynolds number and volume concentration.  
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Fig. 1 (a). experimental setup (b) basic training flow chart for ANN 
3. ANN Simulation 
The following section shows the information about the structure of ANN for this project with various inputs and 
outputs, and corresponding simulation results are shown in below. Fig. 1(b) presents basic training flow chart for the 
corresponding neural network. Fig. 2 shows the structure of the neural network which are utilized in the present 
study. 
 
Fig. 2. Architecture of Artificial Neural Network (ANN)   
 
There are three inputs and three output parameters in the network. The neural network is formed in three layers, 
namely, the input layer, hidden layer and the output layer. The lines between the nodes indicate the flow of 
information from one node to another node. The output of network occurs in three phases. The input values which 
denote the first phase of the neural network along with the hidden layers of the second phase, and the corresponding 
output values are computed in the third phase of the network.   
      The output-layer nodes are computed in the same way as the hidden-layer nodes, except that the values 
computed into the hidden-layer nodes are now used as inputs. The inlet temperature, heat flux, mass flow rate are 
the input parameters, and outlet temperature, heat transfer coefficient, efficiency are the output parameters. Here for 
getting the outlet temperature for different Reynolds numbers (5000-25000), a combination of heat flux of 
1000W/m2 (that already verified in the experiment) and various time intervals from 0 To 180 mins, is used as the 
training data. The target data is the outlet temperature for 1000W/m2. Then by giving specific train data and the 
corresponding test data, it is possible to find out the output temperatures for other Reynolds numbers. Similarly, 
heat flux and mass flow rate are the other combinations to find out the convective heat transfer coefficient of the flat 
plate solar collector. Likewise, efficiency can also be obtained through the network.  
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4. Results and discussion 
The various results obtained from the simulation of the performance parameters of the flat plate solar collector 
using the artificial neural network are described below in the form of plots. 
3.1 Variation in outlet temperature of the fluid with respect to time 
      Fig. 3(a) shows experimental variation in outlet temperature of the fluid with respect to time at Reynolds 
number 10000 and a solar radiation heat flux of 1000W/m2 11. From Fig. 3(a) it is clear that the outlet temperature 
increases as time and volume concentration of the nanoparticles increases. The maximum temperature obtained is 
86oC for the volume concentration of 0.04%, whereas it is 78oC for water. The results clearly show that the addition 
of nanoparticles increases the absorption capacity of the base fluid. The experimental values obtained for outlet 
temperature of the fluid at various time intervals at a Reynolds number 10000 and a solar radiation heat flux of 
1000W/m2 are utilized to simulate the results in ANN. The results obtained from ANN are presented in the Fig. 
3(b). Variation in the outlet temperature of the fluid with respect to the time for Reynolds number 10000 at a heat 
flux of 1000W/m2 is presented in Fig. 3(b). The results show that the outlet temperature of the fluid increases with 
increase in the volume concentration of the nanofluids. The maximum outlet temperature of 86oC is obtained for the 
0.04% volume concentration at a Reynolds number 10000, whereas it is 76oC water alone. This result is almost 
matching with the experimental results11.  
 
Fig. 3. (a) temperature vs time for Re=10000 (experimental), (b) temperature vs time for Re=10000 (ANN) 
The above results can be used to predict the outlet temperature for other Reynolds numbers, such as for 5000, 
10000, 15000, 20000, 25000 respectively. Fig. 4(a), 4(b) shows variations in the outlet temperature of the fluid with 
respect to time for Reynolds number 5000, 25000 respectively; which is obtained by the help of training the 
networks. Fig. 4(a) shows variation in the outlet temperature of the fluid with respect to the time for Reynolds 
number 5000 at a heat flux of 1000W/m2. The results show that the outlet temperature of the fluid increases with 
increase in the volume concentration of the nanofluids. The maximum outlet temperature of 87.85oC is obtained for 
the 0.04% volume concentration at a Reynolds number 5000, whereas it is 78oC for water alone.  
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Fig. 4. (a) temperature vs time for Re=5000 (ANN) (b) temperature vs time for Re=25000 (ANN) 
 
           Fig. 4(b) shows variation in the outlet temperature of the fluid for Reynolds number 25000 at a heat flux of 
1000W/m2. The results show that the outlet temperature of the fluid increases with increase in the volume 
concentration of the nanofluids. The maximum outlet temperature of 83.4oC is obtained for the 0.04% volume 
concentration at a Reynolds number 25000, whereas it is 78.1oC water alone.  
3.2 Variation in heat transfer coefficient with respect to Reynolds number 
         Fig. 5 (a) and (b) show variation in heat transfer coefficient with respect to Reynolds number at a heat flux 
900W/m2 from experimental and theoretical analysis respectively. From Fig. 5(a) it is clear that the convective heat 
transfer coefficient increases with increase in Reynolds number and volume concentration. This validated data is 
almost similar to the experimental results obtained. Fig. 5(a) shows variation in the convective heat transfer 
coefficient of the fluid with respect to the Reynolds number at a heat flux of 900W/m2 by experimentally. The 
results show that the convective heat transfer coefficient of the fluid increases with increase in the Reynolds 
number. The maximum heat transfer coefficient of 9711.05W/m2K is obtained for the 0.04% volume concentration 
at 900W/m2 of heat flux, whereas it is 8200.89W/m2K water alone. Fig. 5(b) shows variation in heat transfer 
coefficient with respect to Reynolds number heat flux 900W/m2 theoretically. From Fig. 5(b) it is clear that, for 
0.04% volume concentration is having the highest heat transfer coefficient value of 9943.67W/m2K as compared 
with other concentration, whereas it is 6551.9W/m2K water alone. Hence this is verified with the help of 
experimental data. The heat transfer coefficient value is predicted for other heat flux of 1000W/m2 as shown in Fig. 
6. It shows variation in hat transfer coefficient of the fluid with respect to the Reynolds number. The results show 
that the heat transfer coefficient of the fluid increases with increase in the Reynolds number. The maximum heat 
transfer coefficient of 11887.23W/m2 obtained for the 0.04% volume concentration at heat flux of 1000W/m2, 
whereas it is 7854.2W/m2K water alone. 
            The enhancement in convective heat transfer coefficient of the nanofluid over the base fluid is significant at 
higher Reynolds number. This is verified by the experimental data, and the same condition satisfies as shown in 
above simulated results. The convective heat transfer coefficient is experimentally proved only for 900W/m2. Here 
by using the artificial neural network the results are obtained for both 900W/m2 and 1000W/m2. Thus, without the 
real time experiment ANN predicts the values for various heat fluxes with desired accuracy. 
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Fig. 5. (a) heat transfer coefficient Vs Reynolds number (heat flux=900W/m2) (experimental), (b) heat transfer coefficient Vs Reynolds number 
(heat flux=900W/m2) (ANN) 
  
Fig. 6. Heat transfer coefficient Vs Reynolds number (heat flux=1000W/m2) (ANN) 
3.3 Efficiency of the flat plate solar collector with respect to Reynolds number 
      In the performance analysis of flat plate solar collector, the most important measure is the collector efficiency. 
The energy collection efficiency is normally determined by testing. Fig. 7(a) shows experimental variation in the 
efficiency of the flat plate solar collector with respect to Reynolds number at a solar radiation heat flux of 900W/m2 
11. From Fig. 7(a) it is clear that the efficiency of the flat plate solar collector increases as Reynolds number and 
volume concentration of the nanoparticles increases. The maximum efficiency obtained is 78% for the volume 
concentration of 0.04%, whereas it is 74% for water alone. The results clearly show that the addition of 
nanoparticles increases the absorption capacity of the base fluid there by increases the efficiency of the flat plate 
solar collector. Fig. 7(b) shows the theoretical results obtained through artificial neural network. From Fig. 7(b) it is 
clear that the efficiency of the flat plate solar collector is 74% at 0.04% of volume concentration, whereas it is 
67.3% for water. Hence the collector efficiency obtained by experimental is almost similar to the ANN results. 
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Fig. 7. (a) efficiency Vs Reynolds number (900W/m2) (experimental), (b) efficiency Vs Reynolds number (900W/m2) (ANN) 
 
Fig. 8. Efficiency Vs Reynolds number (1000W/m2) (ANN) 
      Fig. 8 shows the efficiency of flat plate solar collector with respect to Reynolds number for 1000W/m2, which is 
predicted by using the neural network. Fig. 8 shows that the maximum efficiency obtained is 80% for the volume 
concentration of 0.04%, whereas it is 67.9% for water.Thus from the results it is revealed that the experimental 
results are similar to the predicted data obtained through artificial neural network. Also, the various output data can 
be predicted for the other range of inputs which can’t be done with the help of real time experimental model. Hence, 
the conventional system they have only proved the results in the range of 5000 to 25000. By using the artificial 
neural network it is able to predict the efficiency for higher range of Reynolds number. 
    Fig. 9 shows efficiency of the flat plate solar collector with respect to Reynolds number from 30000 to 100000 at 
heat flux of 900W/m2 for water alone. The test set up used for the experimental analysis cannot be for this range of 
Reynolds numbers because it requires higher level of investment and robust construction etc. 
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Fig.  9. Efficiency Vs Reynolds Number (30000-100000) (ANN) 
 
 5. Conclusion 
     The performance of flat plate solar collector using silver/water nanofluid is analyzed with the help of artificial 
neural network in MATLAB. The heat transfer performance such as the outlet temperature, heat transfer coefficient, 
collector efficiency of the proposed method is confirmed by experimental verification. Analysis shows a very good 
agreement between the measured and the predicted values for different conditions and flow rates. The results show 
the reasonable accuracy when compared with the experimental results of the flat plate solar collector. This can also 
be used to obtain the efficiency for various mass flow rates without the necessity of carrying out the experimental 
work. This study demonstrates that an ANN can be used instead of the simulation of mathematical models for 
solving the complex problems. 
References 
1. Taylor AR, Phelan EP, Otanicar PT, Adrian R, Prasher R. Nanofluid optical property characterization: towards efficient direct absorption solar 
collectors. Nanoscale Res Lett 2011: 6:225. 
2. Saidur R, Leong KY, Mohammad HA. A review on applications and challenges of nanofluids. Renew Sustain Energy Reviews 2011:15:1646–
1668. 
3. Godson L, Raja B, Lal DM, Wongwises S. Enhancement of heat transfer using nanofluids—An overview. Renew Sustain Energy Reviews 
2010:14:629–641. 
4. Ahammed N, Asirvatham LG, Titus J, Bose JR, Wongwises S.  Measurement of thermal conductivity of graphene–water nanofluid at below 
and above ambient temperatures. Int Comm  Heat Mass Transfer 2016:70:66–74.  
5. Alim MA, Abdin Z, Saidur R, Hepbasli A, Khairul MA, Rahim NA. Analyses of entropy generation and pressure drop for a conventional flat 
plate solar collector using different types of metal oxide nanofluids. Energy Buildings 2013:66:289–296. 
6. Mahian O, Kianifar A, Sahin AZ, Wongwises S. Entropy generation during Al2O3/water nanofluid flow in a solar collector: Effects of tube 
roughness, nanoparticle size, and different thermophysical models. Int J Heat Mass Transfer 2014:78:64–75. 
7. Parvin S, Nasrin R, Alim MA. Heat transfer and entropy generation through nanofluid filled direct absorption solar collector. Int J Heat Mass 
Transfer 2014:71:386–395 
8. Salehi H, Heris SZ, Salooki MK, Noei SH. Designing a neural network for closed thermosiphon with nanofluid using a genetic algorithm. 
Brazilian J Chem Eng 2011: 28(1):157-168. 
9. Vaferi B, Samimi F, Pakgohar E, Mowla D. Artificial neural network approach for prediction of thermal behavior of nanofluids flowing 
through circular tubes. Powder Tech  2014:267:1–10. 
10. Caner M, Gedik E, Keçebas A. Investigation on thermal performance calculation of two type solar air collectors using artificial neural 
network. Expert Systems Applications 2011:38:1668–1674. 
11. Roy S, Godson L, Deepak K, Enoch C, Wongwises S. Heat transfer performance of silver/water nanofluids in a solar flat plate collector.  
J.Thermal  Eng 2015:1:104-112. 
0.715
0.72
0.725
0.73
0.735
0.74
0.745
0.75
0.755
0 25000 50000 75000 100000 125000
E
ff
ic
ie
nc
y
Reynolds number
